Here, we compare the efficiency and accuracy of remote sensing and plot-based methods for measuring vegetation cover for the understory and canopy of banksia woodland in an urban area of Western Australia. Methods compared were visual estimation, foliage cover computation from photographs, satellite imagery and aerial photographs. Observations and images from 1 m 2 , 100 m 2 and 625 m 2 quadrats measured cover of small plants, understory plants and trees respectively. Aerial photography and satellite imagery allowed the number, height and cover of trees to be estimated in 625 m 2 and 1 ha plots. The accuracy of methods was compared using a 28 month time series commencing before and after an intense bushfire that removed all foliage cover. Directly comparable methods were in close agreement and in combination allowed plant recovery to be quantified in great detail. Visual estimation of cover in the field was time-consuming but necessary to measure the contribution of individual species. Visual estimates from 1 m 2 downward photos allowed functional groups of plants to be measured. The number of green pixels selected manually in photographs confirmed that cover calculated from ground-based photographs using algorithms was accurate, except when cover was very low. We developed a new algorithm for computing cover from photographs that was accurate at low cover (Gperc). Canopy cover estimation by algorithm from upward photographs was subject to more errors, requiring exclusion of some images. Landsat satellite images allowed the impacts of severe drought and previous fires to be identified against a background of relatively consistent seasonal variations since 1988. Aerial photographs from 1953 onwards showed gradual recolonisation by banksia woodland trees over 60 years following tree felling. These methods provide a toolkit for monitoring vegetation recovery after disturbance and baseline data for monitoring banksia woodland. This toolkit should also be suitable for most other plant communities.
Introduction
Banksia woodlands are the most widespread plant community of the Swan Coastal Plain biological region of Western Australia. They are species-rich plant communities that contain many plant species with specific adaptations that help them survive, recover or recruit after fire (Baird 1977; Bell et al. 1992; He et al. 2011; Groom and Lamont 2015) . Substantial areas of these communities have been lost to urban development and they face other threats such as water table drawdown, dieback due to Phytophthora disease outbreaks, weed invasions and increasing fire intensity and frequency (Stenhouse 2004; Ramalho et al. 2014 ; Commonwealth of Australia 2016a). Due to these threats, all banksia woodland plant communities on the Swan Coastal Plain were listed as endangered by the Government of Australia (Commonwealth of Australia 2016a,b). However, sustainable management of these areas is limited by knowledge gaps concerning the time required for the recovery of foliage cover and species richness in banksia woodland after fire and other major disturbances.
Plant cover is a key metric for monitoring changes in vegetation in natural environments (Lawley et al. 2016) . Determining cover has traditionally required groundbased observations using visual estimation in quadrats or point intercept methods along transects (Symstad et al. 2008; Gorrod and Keith 2009; Kent 2012; Morrison 2015) . However, these traditional methods are fairly time intensive and can be subject to observer bias and experience (Kercher et al. 2003; Gallegos Torell and Anders 2009) . Technological advances in photography and computing have resulted in increasing use of photographs and remote sensing for vegetation cover monitoring (Macfarlane 2011; Lawley et al. 2016; Moore et al. 2016) . These methods provide easy and inexpensive permanent records of vegetation cover for long-term monitoring of temporal changes. Photographs also have sufficient resolution for identification of large plant species and allow visual estimation of cover to be assessed at a convenient time and location (Moore et al. 2016) . Plant cover values can be accurately derived from photographs using specialised algorithms or classification methods (e.g. Macfarlane 2011; Macfarlane and Ogden 2012) . These methods can potentially be more efficient than estimation by human observers, provided that results are consistent and reproducible, but visual estimation methods are still widely used.
The Banksia Woodland Restoration (BWR) Project is an offset-funded project that resulted in habitat restoration and supported monitoring of banksia woodlands. In 2013, the BWR Project established quadrats in banksia woodland in metropolitan Perth to monitor the outcomes of managing a serious environmental weed (perennial veldt grass -Ehrharta calycina). In early February 2014, an intense unplanned bushfire burnt seven quadrats at one 60 ha site (Shirley Balla Swamp), which was one of five locations with BWR monitoring plots. This was an important opportunity to study the impact of a hot summer bushfire on banksia woodland, since comprehensive data on plant diversity and vegetation cover were available from before the fire. Additionally, the availability of remote sensing datasets and directly comparable monitoring photographs at this site provided the opportunity to use a diverse array of tools to measure understory and canopy cover. Finally, since observations and images covered the period from before to 2 years after the fire, they provided a very wide range of cover values starting with bare ground. All of these factors combined to provide an unprecedented opportunity to compare different monitoring methods for estimating cover in a recovering ecosystem. Many individual comparisons are available (e.g. Kercher et al. 2003; Symstad et al. 2008; Macfarlane 2011; Hwang et al. 2016; Lawley et al. 2016; Moore et al. 2016 ), but we are not aware of any earlier attempt to compare the relative efficiency and accuracy of so many different methods of measuring both understory and canopy cover across a wide range of spatial scales to effectively sample small plants as well as trees.
The first aim of this study is to compare the relative accuracy and efficiency of computerised and visual estimation methods of monitoring understory and canopy cover during banksia woodland recovery following an intense summer fire. Our second aim is to investigate the scale dependency of methods of estimating cover, in plots that range in size from 1 m 2 to 1 ha. Our third objective was to utilise remote sensing data for comparison with field-based data and to investigate long-term trends in plant cover. This study also aimed to provide new information about plant recovery after fire in banksia woodland and supply baseline data for monitoring banksia woodland productivity and sustainability in the face of increasing fires and declining rainfall and groundwater levels. Finally, we investigate if these methods can provide a comprehensive and effective monitoring toolkit for researchers and land managers in banksia woodland and other ecosystems.
Materials and Methods

Study site
The study occurred at Shirley Balla Swamp (32 o 09 0 14.0″ S, 115 o 53 0 03.6″ E), which is 22 km south of the centre of Perth (Fig. 1 ). The area is also known as Banjup Bushland and Bush Forever Site 263 and is part of Jandakot Regional Park, a 3000 ha conservation reserve. The 60 ha study area includes wetland and upland vegetation communities on nutrient-poor deep sandy soils of the Bassendean Dunes landform and is dominated by banksia woodland Floristic Community Type 23a (Gibson et al. 1994; Government of Western Australia 2000) . Banksia woodlands are sclerophyllous plant communities with a diverse understory of shrubs, herbs, sedges and grasses. ecological community listing document (Commonwealth of Australia 2016a). The climate is mediterranean, with cool wet winters and hot dry summers (average daily temperature 18-31°C max, 8-18°C min). Mean annual precipitation is 732 mm, with 55% falling over winter (June-August) (Australian Bureau of Meteorology, url: www.bom.gov.au/climate/data, accessed 2-3-2018).
As explained in the Introduction, the BWR project established 31 quadrats (100 m 2 ) in banksia woodland at five nature reserves in July 2013 to assess the outcomes of a weed management program for perennial veldt grass (Ehrharta calycina), a serious environmental weed. On February 3, 2014, an unexpected fire resulted in the total loss of vegetation cover from Shirley Balla Swamp, a site that included seven of these plots. Fortuitously, we had already obtained data on plant diversity and cover from these plots before the fire and they were subsequently used to evaluate post-fire recovery of banksia woodland vegetation. Plots were located to be representative of overstory and understory banksia woodland vegetation, but had either relatively high (plots 1-3) or low (plots 4-5) cover of veldt grass (Fig. 1) . Two additional plots with high veldt grass cover were excluded from weed management as controls (6 and 7). The methods used to measure understory and canopy cover with plot sizes and measurement frequency, are summarised in Table 1 . Plot-based surveys were made over 28 months from July 2013 onwards, primarily in winter and spring, when most plant species flower and are more readily identified.
All quadrats were established within upland areas of banksia woodland (Fig. 1B) . Plot-based surveys utilised seven 10 9 10 m (100 m 2 ) quadrats, each of which included nine 1 9 1 m (1 m 2 ) sub-quadrats. The 100 m 2 quadrats were used for consistency with other flora surveys on the Swan Coastal Plain (Gibson et al. 1994) . Our species occurrence data is available with records from over 1000 other comparable plots in a publicly accessible database (Naturemap.dpaw.wa.gov.au). The smaller 1 m 2 sub-quadrats were used because we found them to be an efficient size for quantifying numerous small herbaceous plants and seedlings, which are too numerous for counting in larger plots. We also used four 25 9 25 m (625 m 2 ) quadrats (each of which extends from a 100 m 2 quadrat) to monitor tree cover, height and density. Corners of quadrats were marked by metal fence droppers and recorded with a differential GPS. For comparisons using remote sensing data, eight contiguous 1 ha plots were also designated as shown in Figure 1 (these fill the largest uniform area present). Plant species were identified by morphology by the same highly experienced botanists throughout the study and, if required, plant material was collected or photographed for comparison to reference herbarium specimens.
Visual estimation in the field
Understory
The 100 m 2 quadrats were used for assessing density and cover of perennial species and 1 m 2 sub-quadrats for measuring annual plants (Fig. 2) . The outer boundary of each 100 m 2 quadrat was delineated temporarily by ropes and sub-divided into four 5 9 5 m segments, using measuring tapes to assist in accurate estimation of cover. A transportable 1 9 1 m square made of PVC pipe was (Fig. S1 ). Cover estimates were by the same experienced personnel throughout the project (Kercher et al. 2003) . We found it takes several days of experience to become proficient at this task. There were differences in estimates between observers, but these were minimised by averaging estimates from several people. Cover was defined as foliage cover of live material (i.e. vertical projection of leaves and green stems) and estimated to the nearest percentage. To minimise observer bias and improve accuracy, templates that represented 1% cover were placed in the quadrats during assessment and cover was determined as the consensus of several observers' estimates. Cover of overhanging plants rooted outside the quadrat was also included. Two estimates of total understory cover were made by first summing the covers for each understory species (which can include some overlap) and then by estimating the total understory cover in one measurement.
Canopy
An estimate of total canopy cover in each 100 m 2 quadrat was made by summing totals for species and by overall estimate, as explained above. The canopy was defined by height (>2 m) and smaller plants of the same species were considered part of the understory. To improve accuracy each estimate was a consensus of estimates from several observers, positioned on different sides of each 5 9 5 m segment.
Visual estimation from digital photographs
All photographs of overstory and understory cover were taken with a Nikon TM D5300, 24 megapixel (MP) DSLR digital camera using an 18-140 mm lens set at the widest angle of view (26 mm equivalent, 11°30 0 ). This provided nine non-overlapping photos 5 m apart in each plot. For both upward and downward photos, the camera was orientated using an articulated LCD screen and kept level, using a three-axis bubble spirit level in the hot shoe of the camera. Nadir (downward) photographs were taken at an approximate height of 2 m in each of the nine 1 m 2 sub-quadrats with a PVC-pipe square in place (Fig. S1 ). For zenith (upward) photos the camera was held above the centre of each 1 m 2 sub-quadrat approximately 40 cm above the ground. Care was taken to minimise shadows or visual intrusion from the photographer and to consistently frame photos over time. The same photographs were also used for image analysis (see next section).
To estimate understory cover, 1 m 2 photographs were downloaded and a visual estimation was made on a high resolution computer screen. Separate estimates were made of the live foliage cover of indigenous vs. alien plants (weeds) and broadleaf plants vs. grasses. The cover estimates for all four categories were summed to give total cover. It was not possible to identify all species in photographs.
Image Analysis -Computer estimation using algorithms Understory Understory foliage cover was calculated from the nadir 1 m 2 photographs described in 2 above, using two separate automated systems. The first system was written in MATLAB TM R2010b (Mathworks, Natick, Massachusetts US) and uses two well-tested existing algorithms, LAB2 & Rosin (Rosin 2001; Macfarlane and Ogden 2012) . The second system, Gperc, was developed by us using a rule set written for eCognition TM (Trimble, Munich, Germany), an object-based image analysis program (available in Data S1). In this method, the rule set first creates a green leaf algorithm (GLA) image, which is then segmented with the scale set to 50 and shape and compact parameters set to 0.1 and 0.5 respectively. All segments with a mean GLA greater than 5 pixels are then classified as "green" vegetation. Foliage cover estimates for nine 1 m 2 sub-quadrats in seven quadrats (Fig. 2) were produced using three classification methods, LAB2 and Rosin, and Gperc. These results were checked and major errors were excluded (applied equally for all methods). Most errors involved allocation of green cover to bare Each quadrat was divided into four 5 9 5 m segments to facilitate sampling. 
Canopy
Zenith photos were taken at the same nine positions as downward photos within each quadrat, covering most of the canopy without overlap, as explained in 2 above. Foliage cover was calculated from these photographs using an algorithm written in the MATLAB program (Pekin and Macfarlane 2009 ). Use of this program requires visual inspection of the results because the accuracy of the algorithm is influenced by total foliage cover (Macfarlane and Ogden 2012) . All photos and their outputs were screened to exclude errors caused by sun flare (i.e. areas of sky mapped as cover). Erroneous results were manually adjusted to zero when there was no canopy in the picture.
Measuring Cover by manually selected pixels (MSP)
To provide an exact standard for comparison to other methods, vegetation cover was derived from photographs of 1 m 2 sub-quadrats by assigning all of the green areas identified as foliage by a human observer. Image editing software (Adobe Photoshop CC TM San Jose, CA, USA) was used to measure green pixels in each image using the "Select by Colour Range" tool to isolate foliage from other objects such as soil, litter and shadows. The additive colour option worked best for this due to differences in lighting and shadow in each photograph. Automatic selections of green cover were manually edited to include all live plant material and exclude anything else. Selected pixels representing live plant material were then recorded as a percentage of the total number of pixels in the photograph.
Field estimates of tree density, cover and height
Tree trunk diameter at breast height (DBH) and the width of the canopy were recorded for each adult and sapling of all tree species rooted in the 625 m 2 quadrats. Each tree was also photographed along with a 4 m pole with markings at 0.5 m intervals. Tree heights and live canopy widths were determined relative to these scale markings using the measurement tool in Adobe Photoshop CC. The width of trees was based on living branches with newly sprouted leaves or branches. The width of dead trees was also measured if they were sufficiently intact, which was possible in most cases.
Aerial photography estimates of tree density and cover, and area of banksia woodland
Temporal changes in tree density and cover and total area of banksia woodland were estimated, using digitised and orthorectified aerial photographs taken at approximately 10-year intervals over the period 1953-2016 (published by Landgate, url: slip.landgate.wa.gov.au). Tree density and cover was assessed, using eight contiguous 1 ha plots of what is now relatively uniform upland banksia woodland vegetation (Fig. 1) . The aerial photographs were clear enough to allow mature trees to be counted and overall tree cover to be estimated, but small trees could not be distinguished from large shrubs. Temporal changes to the area occupied by banksia woodland were estimated, using twenty-three 1 ha quadrats at 100 m spacing aligned with the Universal Transverse Mercator (UTM) grid. Banksia woodland was defined by the current dominance of banksia trees in these areas and by avoiding areas that are wetlands. The main issue with some of the oldest aerial photos was lower image quality and resolution, but this did not prevent estimates of overall tree cover.
Digital multi-spectral imagery (DMSI) estimates of vegetation cover and structure
Urban Monitor (UM) is the name of a suite of data products generated by CSIRO (Caccetta et al. 2012) . It is generated from digital stereo aerial photography acquired by Landgate -the state government's land information capture program (url: slip.landgate.wa.gov.au). These data include four-band multispectral imagery (blue, green, red and near-infrared) with a resolution of 20 cm and is produced corrected using geometric control points. Normalised Surface Models (NSM), where pixel values represent the height of objects above the ground surface, were also included in these data. The DMSI and NSM are available for selected time periods across the Swan Coastal Plain (Caccetta et al. 2012) . For this project, imagery captured in 2009 and 2014 (the only relevant imagery available) was used to summarise tree cover in Shirley Balla Swamp (Table 1 ). The exact date of the 2014 image capture at this site is unknown, but it would have occurred less than 1 month post-fire. In contrast, field measurement of trees occurred in May-June 2014 after the loss of scorched leaves and some recovery had commenced.
Selected UM datasets were analysed, using eCognition. This allowed the vegetation in Shirley Bella Swamp to be classified into areas representing one or more overlapping trees assigned to height classes. We developed a rule set in eCognition which worked in three steps to classify vegetation cover, as follows: 1 All objects above 20 cm in height were classified as above ground. 2 The watershed segmentation function was then used on the inverted near infrared layer to delineate individual crowns. 3 The individual crowns were then classified according to the maximum height value within the crown into five classes (0-0.2 m, 0.2-2 m, 2-4 m, 4-8 m and >8 m).
Once the classification was completed, the area of each height class was calculated for the entire reserve and for each 625 m 2 quadrat. The three highest classes were considered to be trees (2->8 m).
Estimates of vegetation cover from satellite imagery (1988 to 2015)
The Landsat satellite imagery is captured by a series of satellites which began in the 1970s, with regular captures from 1988 (Woodcock 2008) . These images are available to download free of charge from the United States Geological Survey (USGS). The imagery is collected at 30 m pixel size across six spectral bands (Lillesand and Kiefer 1987) . Vegetation indices that can be created, using combinations of the six Landsat bands include leaf area index, fraction of photosynthetically active radiation, plant health, vegetation density and vegetation cover (Elmore et al. 2000; Boer et al. 2008; Bakr et al. 2010) .
Vegetation cover in the four 625 m 2 quadrat locations (~1 Landsat pixel) and eight 1 ha plots equivalent to 9 pixels ( Fig. 1 ) was determined from Landsat imagery, using a method adapted from Zhu et al. (2012) . Landsat imagery covering the SCP (scene 112/82) from 1988 to 2015 was acquired from USGS. The imagery was processed to a Level-1 standard product (L1T), meaning it was radiometrically and geometrically corrected. As cloudy images may be less accurately georeferenced (Pasquarella et al. 2016 ) only those with less than 30% cloud cover were retained. This resulted in a total of 399 images being available for analysis. The imagery was further corrected for variable sun angle and distance, using the program "Sun_Correct" (Wu and Danaher 2001) . The data were first converted into the i35 index ((band 3 + band 5)/2) (Lehmann et al. 2013) , then converted into vegetation cover, using Equation 1 (derived from reference sites in banksia woodland elsewhere on the SCP). Wallace et al. (2006) demonstrated the utility of the i35 index to assess vegetation condition in woodlands in Western Australia.
After removing cloud or haze affected data, the chronological sequence of data was no longer a regular time series. To rectify this, the data were averaged to monthly values and, where no data were available, linear interpolation was performed to provide the missing values. This regular time series was then analysed within the R statistical environment (R Core Team 2014). A stable baseline period was selected for each area and used to derive a model to describe this period. This is used to measure the cover in 625 m 2 quadrats and 1 ha plots. Similar analysis tools are available using the Google Earth Engine (earthengine.google.com).
Annual fluctuations in vegetation cover can be seen with low values representing the end of summer and green flushes peaking in spring. This can be expressed as a sine wave function (Equation 2). Model parameters are shown in Table 2 . The significance of deviations can be assessed by calculating the standard deviation (SD) within the baseline period then plotting three and five SD lines on the graph.
where, A is the amplitude; l is the mean canopy cover; f is the ordinal frequency; t is time and Ø is the phase This model was then projected across the 1988 to 2015 time period. Negative deviations from the modelled baseline were then identified in graphs, so impacts such as drought or fire could be detected and the associated recovery monitored. There were also occasional extreme positive or negative spikes in the data that could be associated with the presence of surface water or water logging, noise attributable to atmospheric conditions or error in the data. However, these were much more transient than the impact of fire or drought, so were not considered to represent impacts on plant cover.
Comparisons of estimation methods
The Manually Selected Pixels (MSP) method explained in 4 above was used to test the accuracy of understory cover estimation methods. This comparison used 160 selected 
Results
Visual estimation in the field
Understory
Visual cover estimation for all of the individual species present (average 57 spp. per plot) was relatively timeconsuming, taking an average of nine person-hours for one 100 m 2 quadrat and just over two person hours for five 1 m 2 sub-quadrats. Estimating total native and weed cover only took a few minutes per quadrat. However, visual estimation of cover in the field was the only method that provided detailed data on changes in the relative dominance of all species (Fig. 3) . The sum of individual understory plant cover estimates was generally lower than estimates of total cover for the same quadrat, but was in fairly close agreement overall (R 2 = 0.8081, Fig. 4A ). Cover data revealed that there were four dominant understory plants, along with a great many less common and/or much smaller species, especially small shrubs, herbs and annual plants (Fig. 3) . These results also highlighted major differences in the responses of individual species to fire that will be presented in a future paper.
Canopy
Visual estimates of canopy cover for individual species and total cover only took a few minutes for a 100 m 
Visual estimation from photos
Understory
Visual estimation of cover from downward photos of 1 m 2 plots on a computer screen was found to be a rapid and efficient method for estimating plant cover (Table 5 , Fig. 5A ). With some practice, it was possible to estimate the relative cover of different groups of plants from photographs, but even 24 MP images were not sufficient to distinguish all species present because there were often many small plants. Figure 5B shows that annual native gasses were a major component of cover in the first winter (6-12 months after fire), but cover of these fireresponsive species was very low by the second winter. The cover of other natives and weeds increased more consistently over time. The variability shown as SD values in Figure 5A is primarily due to major differences in cover between plots (see Fig. S1 ).
Computer estimation using algorithms
The time required to take photographs in the field and process them is summarised in Table 5 . Calculating foliage cover from a single 24 MP photograph using MATLAB requires approx. 20 s while classifying cover, using eCognition requires approx. 2.5 min. However, this processing was automated and done in batches, so the method of cover estimation was highly efficient overall. This method also requires several hours of sorting and labelling photos, setting up the programs to run overnight on a computer and visual inspection of the resulting outputs to check for incorrect interpretation (Table 5) .
Understory
The cover values calculated by the LAB2, Rosin and Gperc algorithms are compared in Figure 6 (which includes incorrect data that would normally be excluded). These cover estimates are very similar to one another and to visual estimates from photographs once total cover Total canopy cover at the same times and locations. In both graphs, summed cover is the total of separate estimates for all the individual species and total cover is a single estimate for the plot.
ª 2018 The Authors. Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd. on behalf of Zoological Society of London reaches approx. 5%, but differ substantially at low cover values (0-6 months after the fire). The overall shape of the cover curve measured by Gperc (Fig. 6 ) and visual estimation (Fig. 5B ) of the same photos was very similar. Figure S1 shows examples of the Gperc classification of plant cover from photographs taken of three quadrats before the fire and at 6 month intervals post-fire. The
Gperc classification primarily classifies foliage cover, but other objects such as yellow flowers and some dead sticks were also included (Fig. S1 ). The algorithm did not recognise purple or pink flowers as foliage cover, but this had little influence on values. Nadir photography worked best if we avoided strong shadows at the very beginning or end of the day. These methods were efficient and reliable once there was sufficient green cover to calibrate analyses. Overall results show the understory cover increased to 27% by 19 months post-fire (Fig. 7A) , with an average rate of increase of approx. 1.4% per month (Fig. 7A) . However, little regrowth occurred during the first 4 months when conditions were dry (summer and early autumn). This period was followed by a period of rapid regrowth once consistent rains had arrived in May-June primarily due to resprouting of native perennial plants and germination of annual natives and weeds during in the first winter (Fig. 5, Fig. S1 ).
Canopy
The FC classification algorithm, using nine upward facing photos from each quadrat worked across a wide range of exposures of photographs (under and over) and showed a very slow increase in canopy cover (Fig. 7B) . In total, 258 (34%) of the photos had major errors in interpretations, so could not be used. Table 4B shows how results improve when errors are managed by following several different protocols. Examples of accurate and inaccurate canopy interpretation are shown in Figure 8 and Figure S2 . The main sources of error were sun flares (48%), brighter areas of blue sky or cloud (38%), underexposure (12%), or an obstructed field of view (2%). These lead to misclassification of substantial areas of cloud or sky as canopy. When there is no canopy at all, the program produces best results with an even cloud. After several years of experience, we learned that for zenith photography, photos should not be taken when the sun is high overhead to avoid lens flare. As was also noted by Hwang et al. (2016) , photography on uniformly overcast days provided the greatest contrast between the canopy and sky. The mean recovery of canopy cover was 5% by 19 months post-fire (Fig. 7B) , with an average rate of increase of 0.27% per month. However, cover did not drop to zero immediately after the fire because this method also measured dead foliage and branches and these account for the Y intercept on Figure 7B (18%). The post-fire canopy consists of both dead and living branches and the latter resprouted from epicormic buds after a few months. Very few of the dead branches were shed during the course of this study.
Cover measurement using manually selected pixels (MSP)
Calculating MSP values took between 15 and 50 min for each photograph, depending on the amount of green foliage present and the complexity of its shapes. Results of this analysis are used for comparison with other methods in Section 9 below. Photographs with denser cover required more editing to ensure only the green pixels associated with vegetation were selected. The green pixels that were counted include stems, leaves and phyllodes, regardless of shadows. This exact method was a valuable control for comparison with other methods (see Section 9), but was too time-consuming for general usage (Table 3) .
Field estimates of tree density, cover and height
Measurements of all trees in 625 m 2 quadrats showed that tree density was lower after the fire due to 40% overall mortality (Fig. 9) . The frequency distribution of trunk diameters suggests that smaller trees had higher rates of mortality and that there could be two cohorts of banksia trees that result from historic impacts (Fig. 9) . The cover of trees was used for comparison with remote sensing methods (see 7 below). Height data were less valuable than diameter for determining tree mortality classes (data The recovery of trees after fire will be described in greater detail in a subsequent paper.
Aerial photography estimates of tree density and cover and area of banksia woodland
Aerial photographs over 1953-2016 show major changes in tree cover and density, but the low resolution of the oldest available digitised aerial photography meant only larger trees could be counted (small trees and large shrubs look similar). Examples of the 1 ha plots where tree density and cover were estimated are shown in Figure S3 . Despite the low resolution of the oldest imagery, it is evident that tree cover and density and the overall area of banksia woodland increased very substantially over a 60-year period, as shown in Figure 10A . Felled trees and areas that had lost tree cover due to scrub-rolling were visible in the aerial photographs from 1953 to 1983 and are associated with historical grazing activities in the area. A steady increase in the cover and density of banksia trees occurred after the area was managed for conservation from the 1980s onward ( Fig. 10B  and C) . The area identifiable as wetland has remained stable over the same period.
Digital multi-spectral imagery (DMSI) estimates of vegetation cover and structure
The classification of vegetation into height classes by the rule set in eCognition showed substantial differences between 2009 and 2014 both across the whole area and in 625 m 2 tree quadrats (Figs. 11 and 12) . Direct comparisons are affected by the timing of measurements, but calculations based on DMSI and direct measurements of trees are in fairly close agreement (Fig. 12) . Before the fire (2009), trees in the 4-8 m canopy class covered 28% of the reserve, but a few weeks after the fire (2014) this was reduced to 11% (Figs. 11 and 12) . Estimates of cover from the DMSI imagery and field measurements show similar patterns at three of the 625 m 2 sites, but some trees were classified in a higher height class by the DMSI data in one site (Fig. 12) . This may be due to variable capture angles and vegetation cover adjacent to the plot in the 2014 image being projected across the plot. The degree and direction canopies are projected will vary from image to image and should be corrected by averaging over larger areas. The DMSI analysis shows there were substantially more small trees (2-4 m high) before the fire than after it, which is in agreement with the tree mortality data in Figure 9 .
While the UM data and field measurements essentially measure the same thing, the field measures are likely to be more accurate at the scale of a single 625 m 2 plot. However, monitoring using UM data works best on a larger scale, as it can be applied across a whole reserve or an entire region. Additionally, if data is captured regularly and standard metrics are developed, statistics for cover and cover change can be recalculated with minimal effort. This approach provides a monitoring benchmark on tree canopy health that should be very valuable for land managers (see Caccetta et al. 2012 ).
Estimates of vegetation cover from satellite imagery (1988 to 2015)
Satellite imagery was used to efficiently measure both seasonal and long-term changes in vegetation cover for 1 ha . Vegetation cover at two quadrats followed a similar trajectory ( Fig. 13A and B) , while two others showed a smaller impact of fire ( Fig. 13C and D) . These graphs first showed a suspected fire in March 1989, next vegetation cover increased until 1998, then it stabilised until 2006. There also was strong evidence of a second fire event in February 1996 with strong declines in vegetation in half the quadrats. This second fire event was also detected by the aerial photography record, as shown Figure 10 . From 2007 onwards, a negative shift in cover occurs, correlating with declining rainfall (www.bom.gov.au). These cover values come close to, but do not cross, the three standard deviation (SD) control line shown on the graphs. Vegetation cover drops further in 2011 and crosses the three SD line for Figure 13B and the five SD line in Figure 13A . This drop coincides with a well-documented drought/heatwave event in 2010/11 (Brouwers et al. 2013 ). However, the largest drop in vegetation cover occurs following the 2014 fire (fire 3). Following this impact, cover values drop below the five SD line in all graphs in Figure 13 .
The average vegetation index value from eight 1 ha plots (9 pixels each) showed very similar trends to the (Fig. S4) . Both the 625 m 2 and 1 ha plots show there was a more consistent impact of the major fire in 2014, relative to the earlier fires in 1989 and 1996, which had large impacts in some areas, but not in others. We also found that the overall trends for Landsat cover data were in close agreement with visual estimates of tree cover from aerial photographs (Fig. S4J) . Tables 3 and 4 compare the accuracy of different methods for estimating cover. All of the methods used to estimate understory and canopy cover for plots were in close agreement (Table 4) , even when different spatial scales were compared (e.g. 1 m 2 and 100 m 2 ). However, it should be noted that there were considerable changes in total cover over the period of observation due to vegetation recovery after fire, which may have overwhelmed smaller differences due to methods.
Comparisons of methods
The three automated foliage cover estimation methods (LAB2, Rosin, Gperc) and the visual estimation method were compared against exact MSP measurements of green vegetation (Table 3) . Visual estimates from photographs had the strongest correlation to MSP values over the whole range of vegetation covers (Fig. 14A) . Visual estimations by two observers differed somewhat but both were both highly correlated with the MSP estimate of green vegetation cover.
Of the automated estimation methods, Gperc was the most similar to MSP and maintained high correlation coefficients over a range of vegetation covers (Fig. 14,  Table 3 ). While the LAB2 method gave the most inaccurate values at low vegetation cover (Fig. 14C) , it was comparable to Gperc values after vegetation cover became greater than 1%, and better than Gperc estimates with cover >10%. Photographs with substantial amounts of vegetation gave relatively similar results (Fig. S5 ), but when there was a lack of green pixels, LAB2 and Rosin methods detected false green values from shadows (Fig. 14) , as was also reported by Macfarlane and Ogden (2012) . Gperc results match most accurately the foliage cover values seen in the field, dropping to near zero at the time of the fire, then increasing gradually with time after fire. Using several different methods made it easier for outliers to be identified and removed from the results.
As shown in Table 4 and Figure 15 , visual and computational methods of measuring cover provided results that differed to some degree, but were highly correlated, so were useful in validating each other. Methods that occupy opposite ends of the scale spectrum are the least equivalent. For example, cover estimates from 100 m 2 plots tended to be a bit higher than those from 1 m 2 plots (Fig. 15) , presumably because use of a larger area increased accuracy. Results of plot-based canopy measurements were also in fairly close agreement (Table 4B ). The methods for measuring understory and overstory cover cannot be compared to each other, or directly compared with satellite images that combine both cover categories. However, all of the methods used showed similar recovery trends after fire. The difficulty, time required and expense of each cover estimation method are summarised in Table 5 . These comparisons show that all methods were efficient and suitable for their designated purposes. However, it would rarely be practical to use all methods for one project and the method to use will depend on the size and floristic complexity of sites, as well as access to imagery and equipment required to process these data. is a surrogate for total cover). These plots show the satellite vegetation index in black, our fitted model in red, as well as three and five standard deviations (sd) below the fitted model average (dotted lines). Cover trends were used to measure fire and drought impacts, as explained in the text.
Discussion
Both manual estimation and computations from land-based or remote sensing images are essential for monitoring the phenology, condition and sustainability of vegetation (Symstad et al. 2008; Lawley et al. 2016; Moore et al. 2016 ). In our comparisons we found there were advantages and disadvantages of all the methods that concern the training, time, equipment and expense required, as well as their accuracy and repeatability. We also found that a combination of methods measuring cover at different scales, ranging from 1 m 2 to an entire 60 ha reserve, allowed us to measure fire impacts on all plant species. All of the methods tested were sufficiently accurate and efficient, provided that their limitations were properly understood. The most time-consuming method was the assessment of individual cover values for all understory species present, but this approach could not be replaced by other methods in a complex plant community with 160 species present in overlapping vegetation layers. This method also required experienced botanists to identify species present. The remaining methods were all relatively time efficient and could be employed in parallel. For example, visual estimation of overall cover in situ and calculation of cover from photographs ex situ both required similar effort and time, and were very useful for validating each other.
Visual estimation of cover in the field was highly correlated with cover calculated from photographs, provided that errors in automatic analysis were excluded. Canopy cover estimation by algorithm was prone to errors, but these were easily detected and in most cases a sufficient number of images remained to allow accurate averages to be determined. Estimation of both understory and canopy cover from computer algorithm interpretation of digital photographs is accurate and efficient, providing the guidelines we recommend to identify and exclude errors in the analysis are followed. These monitoring tools are automatic, rapid, non-destructive, unbiased and consistent and we have no hesitation in recommending their use. Although good results were obtained when using a combination of Rosin for understory foliage cover less than 10%, and LAB2 at higher foliage covers, the new Gperc method works well at both high and low covers and is therefore most highly recommended (available in Data S1).
Only remote sensing data can be used to extend measurements of vegetation cover back in time or develop automated tools for future monitoring. However, these data remain available as a time series, so their adoption can be left until later in projects, provided experimental designs are appropriate. Even if not used initially, ground-based monitoring photographs should still be taken as they provide a valuable resource for automated cover estimation and may become even more useful in the future due to advances in technology and analysis methods. We found that Landsat imagery identified most of the same historical anomalies in vegetation cover as aerial photography. However, the Landsat imagery provided more accurate information about the timing of fires and also showed reductions in cover that are linked to rainfall deficits. The response of Landsat imagery to vegetation impacts from changes in rainfall in southwestern Australia is consistent with Brouwers et al. (2014) , who used Landsat imagery to map drought-affected areas in the northern jarrah forest and produce a predictive model. Pflugmacher et al. (2012) used Landsat time series data, similar to that used here, to predict vegetation structure using magnitude and duration of the greatest disturbance, the time since disturbance and current index value, and a similar approach was used to understand vegetation patterns in arid areas (Lawley et al. 2015) .
More frequent aerial photographic records probably would have provided corroboration of the events observed in the Landsat data (we only had access to imagery taken once or twice per decade). However, a comparison of methods by Lawley et al. (2016) found that remote sensing methods are most effective when coupled with ground-based measurements of cover. Our plotbased data could be used to validate and calibrate new and existing remote sensing data for banksia woodland, provided ground-based observations in these reference sites continue.
The automated vegetation cover estimates from digital photography and satellite imagery require specialised skills and reasonably expensive software. The development of open source software is a rapidly moving field, to reduce cost the methods described here could no doubt be replicated in free software, however this would be a complex task. If these analyses are required, it would most likely involve contracting suitably qualified and equipped personnel. Work carried out in collaboration with research staff may be the only avenue for community groups to access these techniques. Use of computer algorithms to estimate foliage cover is still an exploratory field and there are restrictions and limitations to this methodology. Accessibility could be improved by transferring the methods developed using expensive software to free software available online which would open up these techniques to anyone with a standard PC. 
Conclusions
A major objective of this study was to allow comparisons of similar methods at different spatial scales. Comparisons between methods of estimating understory and canopy cover confirmed that small plots were most appropriate for quantifying small plant species, but not trees. Many previous studies on tree density have shown that larger quadrat sizes are required for determining the density and cover of trees (Kent 2012) . We found that 625 m 2 or larger plots allowed accurate measurement of tree density in banksia woodland. Even though analysis of aerial photographs and satellite images worked best for plots 1 ha or larger, we also successfully analysed vegetation cover changes using Landsat time series data from a single pixel, which is similar in size to our 625 m 2 tree plots. Another key benefit of using digital photography, aerial photography and Landsat imagery is that they constitute a permanent record of the vegetation over time, in contrast to visual assessments in the field that are unrepeatable and have less opportunity for quality control (Macfarlane and Ogden 2012) . It is relatively easy to take monitoring photos from fixed reference points and the value of these photos increases over time due to improved computational methods and power. We also noted there are clear advantages to using photographs taken at the same locations at different times and at different scales. The larger scale photos measure overall plant cover while photos of the smaller plots allowed the cover of different groups of plants to be estimated separately. We also established that repeated photographs of the same sites were very useful for measuring changes in vegetation condition.
We found there were considerable advantages to having both remote sensing and field-based observations of the same areas (Lawley et al. 2016) . For example, we could extend the period of observation for 30 years into the past with satellite imagery and for 60 years using aerial photography. These images showed clear trends in overall cover and canopy cover over time, especially due to treefelling, fire and drought. They will also allow tree canopy measurements to continue into the future with minimal effort. However, field-based surveys were still necessary to measure understory cover and diversity and are the key to understanding the species-specific impacts of fire on banksia woodland plants (data to be published in a future work). The methods described here should be equally relevant to many other vegetation types in Western Australia. We expect these methods would also be applicable for use by ecologists and land managers in most other ecosystems.
In the current study, we were fortunate to have initiated monitoring 1 year before the fire which resulted in the capacity to measure changes to the cover and abundance of both overstory and understory species due to fire. However, longer-term observations are required to measure understory plant composition changes and how long it takes for key functional attributes of banksia trees, such as canopy cover, flowering and seed set to return to pre-fire values (Baird 1977; Enright and Lamont 1989; Groom and Lamont 2015) . Our study only provides data on vegetation recovery after one fire, so additional information is required to assess the vulnerability of banksia woodland to fire and the time required between fires for full recovery of vegetation and seedbanks. An earlier study of banksia woodland tree mortality observed similar losses of banksia trees after a hot fire but did not measure the time for recovery (Bell et al. 1992) . We recommend that a network of permanent vegetation plots be extended to other banksia woodland floristic community types and used for future monitoring of ecosystem health. This information is essential to effectively manage banksia woodlands in the Perth Metropolitan Region, a threatened ecological community where fire and drought are expected to have increasing impacts (Commonwealth of Australia 2016a).
Supporting Information
Additional supporting information may be found online in the supporting information tab for this article. Figure S1 . Photos used to measure understory cover and corresponding calculated foliage cover values (Gperc) for three 1 m 2 sub-quadrats over four occasions before (spring 2013) and after the fire. Figure S2 . Examples of MATLAB's FC classification of canopy cover for seven zenith photos. Also shown are visual representations of the classification method's interpretation of the photograph and its image histogram. Figure S3 . Examples of aerial photos from a single 1 ha area used to estimate tree density and cover changes over time showing increase in tree cover. Figure S4 . Landsat time series plots using the same methodology as Figure 13 for eight 1 ha plots. Figure S5 . Comparisons of green vegetation selections for a single 1 m 2 sub-quadrat, using four different cover estimation methods. Data S1. Rule set for eCognition
